INTRODUCTION
In a wide range of information application domains, a major goal of machine intelligence or human machine hybrid intelligence is to capture human knowledge. If human beings can articulate their cognition, it is then possible for computing models to capture this cognition and facilitate communication, collaboration and automated services. Fuzzy Cognitive Map (FCM) is a tool to visually represent human cognitions [2] . The following figure is an example FCM fragment. -interest rate has negative impact on the investment expansion; a high interest rate discourages investment and a low interest rate encourages investment;
-investment sentiment represents the willingness or intention to invest, which normally came from actual profits; investment sentiment has positive impact on the investment expansion; a high investment sentiment encourages investment;
-the causal link from interest rate to investment expansion is very strong; and -the causal link from investment sentiment to investment expansion is mild.
As compared with other more formal modeling tools, FCM is easy to use and graphically comprehensible. It has attracted many domain experts to represent their cognition or cognitive knowledge. The applications span over a wide range of areas, such like software quality risk analysis [3] , drought management [4] , analysing dynamics in logistics [5] , combating diabetes [12] , anti-terrorism [7] , energy consumption [9] , ecosystems [8] [10] , medical decision support [14] , and games based learning [13] . It has been discovered that a transformation [11] exists among a number of major FCM variations [6] , indicating that different presentation forms are important to FCM applications. The following are three recent example applications of FCM. [12] have used FCM to integrate conventional science and aboriginal perspectives to study the development of type 2 diabetes. Figure 1 .2 is a FCM used in the study, which shows the causal links among diabetes related factors like body weight, employment and diets. The FCM presentation of domain experts cognition become a basis for their analysis and study on the development of type 2 diabetes.
1) Giles and et al
- Figure 1 .2 FCM on contributing factors to type 2 diabetes [12] 2) Luo and et al [13] used FCM to model factors in game based teaching and learning. [13] 3) Iakovidis and Papageorgiou [14] used FCM to facilitate medical decision making. In their study, symptom factors, e.g. cough and loss of appetite, are considered together with pathology observations like white blood cell counts. The complex causal linkage among the factors form a cognition presentation. Human beings can be clear with individual fragment of causal links while FCM can helps to reason accordingly over the complex cognitive knowledge from different fragments. Iakovidis and Papageorgiou used a presentation similar to adjacency matrix rather than a digraph. Part of the FCM is shown in Figure 1 .4. Figure 1 .4 FCM on medical decision making [14] It is apparent that graphically presented FCM in example 1 and example 2 are much easier to read than the matrix presentation in example 3. By examining the adjacency matrix of the FCM in example 3, we can see most of the nodes are pointing to node C 34 . However, such a structure is not visually clear without carefully examining the matrix. Domain experts can read cognitive structure much easier if the FCM is presented in a digraph.
To achieve the goal of easy capture of human cognitions, it is important for cognitive knowledge modeling tools to facilitate easy presentation and communication. The digraph presentation of FCM can be further improved to better visualise the cognition modeled. In FCM digraphs, a strong causal link is associated with a large weight value while a weak link is associated with a small weight value. Similarly, a strong factor is associated with a large state value and vice versa. As to the factors, the value is not shown in the digraph of FCM. If the strength of causal linkages and factors can also be graphically presented, it will be more visually comprehensible. Such visualisation progresses have been made recently on text document analysis.
II. VISUALISING WORD COUNTS
Word counts plays an important role in the process when human beings comprehend and manipulate documents. For example, given a document, the words that appeared most frequently indicate the focuses of the document. Note that common connecting and filling words, such like a, the, of, I and etc., are heavily used in most of the documents. They shall be filtered out in the frequency analysis. The high frequent words represent an aspect of the authors' cognition. To illustrate, a sample document [1] is processed and the most frequent words in the documents are abstracted. These words are listed below in Table 2 .1 we can see that the document has a focus on "cloud", "computing", "data", "applications" and etc. In fact, this document is one of the top 25 impactful articles collected by the Science Direct database in recent years. The article is about the business perspective of cloud computing, identifying the strengths, weaknesses, opportunities and threats for the cloud computing industry, various issues affecting stakeholders of cloud computing.
In many documentation analysis models or systems, the top frequent terms are associated with their frequencies. Therefore, the comparative aspects can be seen. The frequencies in Table 2 .2 tells that the article has a main scope or focus on "cloud" and "computing". "Data", "applications", "services", "providers" and etc are the corresponding sub focuses of the article. If the these important words can be presented in different size according to their frequencies, it will be more visually comprehensible. There have been a number of applications applying this model including Google search. This paper uses a graphic presentation by Wordle [15] . It is clear that Wordle's visualised presentation of the concept frequency can be better and easier 'read' than the frequency listing, as compared in Table 2 .1 and Table 2 .2. If the FCM digraph is visualised similarly, the cognition modeled can be easier read and communicated.
III. VISUALISING FUZZY COGNITIVE MAPS
Similar to text term visualisation, FCM can also be better visualised for the easy comprehension and communication of the cogniton modeled. Each FCM has two important components: nodes and causal links among nodes. According to the importance of nodes, the strength of node states, and the strength of links, different size can be used to visualise the FCM digraph. For example, the causal linkage strength of the FCM fragment in Figure 1 .1 can be visualised as in Figure 3 .1 provides a clear visualisation on the causal linkage weights than the FCM digraph using only the weight value. It is easier to read from Figure 3 .1 that the impact from the interest rate (v1) is better channeled to the investment (v3) than that of investment sentiment (v2). Similarly, the importance or the strength of the nodes can also be visualised accordingly.
Formally, a visualised FCM, or VFCM, is defined as a tuple of a digraph M,
where V is a set of vertices/nodes representing the concepts and A is a set of arcs representing the causal relationships/linkage among concepts.
Vertices Each vertex in a VFCM corresponding to an important factor (concept) in the real application being modeled. In (3.2) and (3.3), v i ( i=1, 2, …, n) are the vertices (concepts); n is the number of concepts.
States
The state of vertex v i at time (or step) k is denoted as x i (k), i =1,2, … , n. S(v i ) is the finite state set of v i . The state spaces of VFCM concepts are finite value sets:
where n is the number of the concepts, R i is the number of state values the concept v i has. In VFCMs, each concept has its own value set. The definition of value sets depends on the needs of the system to be modeled. The state space of the VFCM is defined as the production of the vertices' state space:
(3.5)
The Graphic Scale of a state is defined as the size of the vertex in the digraph M , denoted as 
where g i is a scale constant. The Graphic Scale of the link is defined as the size of the arc in the digraph M, denoted as G(a ij ). G(a ij ) is linearly dependent on the weight w ji .
Causal Links a(v i
where g is a scale constant.
Decision Function
Each vertex in an FCM has its own decision function. Based on the causal inputs, the decision function decides the next state of the concept. The decision function of v i is denoted as i v f : and f i is a threshold function. Figure 3 .2, each node are also noted with the corresponding state value, slashed with the balance value. For example, Interest Rate V1 has a balance value 4%. It means that an interest rate of 4% is neutral to the investment expansion, i.e. having no impact. As shown in Figure 3 .2, an interest rate of 9% with a strong link will deliver strong negative impact on the investment expansion. This is desirable to cool down the hot investment expansion rate (V3) which is 8% as compared to the balance rate 5%.
Illustration of VFCM
The VFCM in Figure 3 .2 also followed the coloring convention to differentiate the negative causal link and positive causal link: red for negative, green or black for positive. Figure  3 .2 shows that it is visually easy to read the causal linkage among important factors/concepts in VFCM.
In FCMs, the causal linkage among factors are constant. They do not change according to the states of the nodes. However, the states of the nodes can evolve based on the initial states and the decision functions (equation 3.10 or 3.11 ) accordingly, forming causal dynamics. Applying VFCM to visualise typical states of the FCM can provide a much clear presentation of the key FCM states in the dynamics. The difference of the cognitive knowledge presented by the VFCM in Figure 3 .3 and Figure 3 .2 is apparent. In the following section, the three typical FCMs in recent literature will be modeled in VFCM to illustrate how easy the cognitive knowledge can be "read" by human beings than that in the existing models.
Note: As human beings may have some difficulties in having direct perception on areas, the circled node can also be represented with square boxes, with the size of the edge linearly scaled according to the value to be visualised.
IV. VISUALISING FCMS IN LITERATURE
FCM has been widely applied by domain experts because its easy to use feature as compared with many formal knowledge modeling tools. Its visual presentation through digraph of the causal linkage among factors is another feature attracting domain experts. VFCM further improves the feature to provide a clearer presentation on the cognitive knowledge modeled. The following are the VFCM presentations of some fragments of the three FCMs in section I.
A. Visualising the FCM on diabetes
Giles and et al have used FCM to integrate conventional science and aboriginal perspectives to study the development of type 2 diabetes. Because not many literature articles present detailed concept values and their evolution dynamics, this section will focus on the linkage visuaisation of VFCM. The comparison of FCM and VFCM in Figure 4 .1 shows that VFCM provides much visible presentation on the cognitive knowledge modeled: controlling body weight is far more important than quit smoking or adopting breast feeding, as far as diabetes is concerned. Such an interpretation can visually surprise some readers. It shows an advantage of using VFCM: if the model is improperly constructed by one domain expert, other experts can easily spot the issue and debate. For example, some experts may argue that smoking does have much more stronger impact on diabetes.
B. VFCM of the FCM on robot planning
Luo and et al has used FCM to model factors on high level robot planning, which later were used in a game based driver training system. Figure 4 .2 is the sub-map of the FCM on c1, c2, c3 and c5.
(a) FCM of the c1, c2, c3 and c5 in Figure 1.3 The corresponding VFCM is in Figure 4.2 (b) , which clearly shows the relative strength of the causal links. For example, c2 roadblock is a strong impact factor to c3 back and c5 menace. 
C. Visualising the FCM on medical decision support
The adjcency matrix type of the presentation of the FCM in Figure 1 .4 does not provide a visualised presentation of the knowledge modeled on the medical decision. Now let us check how well VFCM can help to reveal the structure knowledge. Figure 4 .3 shows clearly that the cognitive knowledge contains three main structures:
(1) all nodes have impact on c34, with relatively different strength, as shown in Figure 4.3 (a) . The strengths are visually shown in the VFCM;
We can also see that the c4, c6, c8 are the major factors and c7 an dc5 are minor factors.
(2) there is a chain from c21 to c1, and to c19; it is a negative-negative chain; the relative strength of the chain links is visualised shown; and (3) a mixed chain from c16 to c4, c22 and c12, with c4 branches to c15 and c5; their relative strength are also clearly shown in the VFCM. Obviously, the VFCM presentation is much easier to read by domain experts for their communication and collaboration on the medical decision making. The hesitation proposed by the authors can be also visualised through adding a gray area of the causal link.
V. CAUSAL LINKAGE OF WORDLE ANALYSIS
The VFCM can also be applied to improve the text document analysis. The Wordle presentation visualised the frequency of the terms but does not have any information of the causal linkage among the terms. Applying VFCM can reveal the more structural knowledge of the document. There are many analysis can be applied as the basis of the causal linkage among terms. In this paper, the following linkage is used for the VFCM presentation: if term B is immediately after term A, then they are considered as causally linked, denoted as:
A → B .
Such causal linkages should express better about the "meaning" of the document than simply the term frequencies. A VFCM of the major linkages of the document is shown in Figure 5 .1. In Figure 5 .1, the size of the terms is two times of the square root of the frequency of the terms; the linkage width is the frequency of the linkage.
The VFCM of the document shows clearly that the document has four major groups of linked terms. The most important one is about cloud computing, cloud/computing service providers, cloud/computing applications, and the infrastructure. The other three groups are large organisations, research topics and information technologies.
As compared with the visualisation of the frequency in Figure 2 .1 and 2.2,VFCM in Figure 5 .1 shows additional knowledge on linkage among the terms. From the comparison we can also "read" that 1) some high frequency terms, such like Issues, Infrastructure and Applications, do not have much focused linkage with other terms;
2) some terms, such like Topics, Large, Private, although are not in the top list of frequency, do appear in some strong linkages.
Therefore, we can see that the knowledge on the document are better visualised by the VFCM.
If only the frequency of the linkage are to be visualised, the Wordle can still be applied to present the findings of the VFCM. Figure 5 .2 is the Wordle cloud of the document linkages. Figure 5 .3 shows the major linkages like cloud-Provider, computing-provider, computing-service, which is similar to the VFCM in Figure 5 .1. The advantage of this wordle presetnation of VFCM is that the graph is very neat. However, the structural information are missing. Additionally, the linkage strength and node strength (frequency) association are also missing. For example, as shown in Figure 5 .1, the linkage between research and topics are very strong as compared to the node frequency.
CONCLUSION
This paper presented a new model of FCM, VFCM,which is able to visualise the relative strength of causal links and causal factor states. The model can better facilitate visualised cognitive knowledge presentation and communication. By comparing three typical FCMs in recent literature, VFCMs are apparently better in visualising the knowledge modeled. VFCM can also be applied to improve the word cloud for word frequency visualisation.
